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Abstract 
Apparent Spectral properties (AOPs) of phytoplankton pigment concentration were analyzed in Shitoukoumen Reservoir, the 
Changchun city drinking water resource, in order to investigate the feasibility of the using remote sensing to monitor chlorophyll 
a (Chl-a) concentration in Northeast China. 225 samples were collected for laboratory Chl-a analysis during 12 field campaigns 
from 2006 to 2008. Correlation analysis between Chl-a and spectra and derivative spectral reflectance revealed that derivative at 
spectral band between 420 to 700nm is more sensitive to Chl-a concentration, however correlation coefficient on reflectance is 
relatively low as Chl-a is not the dominating optical active component in the reservoir. A combination of Genetic Algorithms and 
Partial Least Square (GA-PLS) model was established for Chl-a estimation in this study. A preprocessing procedure was 
conducted to selected the comparatively high correlated spectral variable by application of correlation analysis between Chl-a 
with each spectral band, reflectance derivative ranging from 350 to 1000 nm and all possible band ratios (101, 250 combinations 
all together). 100 sensitive spectral variables were selected for GA-PLS modeling with above mentioned preprocessing procedure. 
A number of 2/3 samples were selected to train the GA-PLS model, and the rest was utilized to validate the performance of the 
model. It is found that the relationship between the most sensitive reflectance band, reflectance derivative and band ratio and Chl-
a concentration agreed well with linear function with R-Square range from 0.45 to 0.78. However, the GA-PLS model for Chl-a 
estimation performs much better, with model validation R-Square of 0.81. As our results were derived from large number of 
ground truth samples, representing a spatio-temporal variation of pigment conditions, so the GA-PLS model has great potential 
for Chl-a estimation for inland water bodies with similar background. 
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Water quality is a concern in many parts of the world since water is a vital resource for life. There are many 
water quality is a concern in many parts of the world since water is a vital resource for life. There are many different 
factors that can impact water quality. Many of these factors to water quality lack distinct spectral properties, or 
occur at concentrations that do not allow them to be indentified using traditional remote sensing techniques. 
However, there are a group of water quality stressors that are optically active constituents (OACs) (i.e. 
phytoplankton, suspended sediments). Phytoplankton, including cyanobacteria (also known as blue-green algae) is 
known to produce toxins [1, 2] and taste/odor compounds that directly reduce water quality [2, 3]. Suspended 
sediments can degrade water quality by reducing water clarity and altering natural aquatic habitats [4]. Water quality 
managers interested in the rapid identification of impacts to recreational and drinking water supplies use remote 
sensing techniques to identify water quality stressors that are OACs. 
 
Chl-a concentration is commonly used as a proxy for phytoplankton concentration in ocean and lake water 
because of the link between phytoplankton concentrations and primary productivity. A large volume of literatures 
exists on using remote sensing to map Chl-a [5]. Empirical and semi-empirical models for estimating Chl-a involve 
relationships between single bands, band combinations or band ratios and water quality constituents. One of the 
most common is the NIR/Red ratio, based on the observation that Chl-a exhibits maximum scattering in NIR and 
maximum absorption in red wavelengths. Because of the low absorbance of color dissolved organic matter (CDOM) 
in longer wavelength regions [6] and the insensitivity of this ratio to sediment concentration or sediment type [7], 
the NIR/RED ratio has been effective in estimating Chl-a concentration in inland waters ranging from oligotrophic 
to eutrophic, from field reflectance, airborne and satellite imagery [8, 9].  
 
Digital evaluation of optical satellite information at visible and near-infrared wavelengths has been used to 
estimate different parameters in surface waters [10, 11]. These investigations show that satellite-borne remotely 
sensed optical data can provide relatively low-cost, simultaneous information on surface water conditions from 
numerous lakes and coastal areas situated within a large geographic area [12]. Among the three main optically active 
constituents, the importance of studying Chl-a concentration has been recognized for decades not only due to its 
indicative status for bio-production of water bodies but also for its importance to determine water trophic state. 
Scientists have developed different algorithms to estimate Chl-a contents in water bodies. However, the standard 
algorithms in use today for Chl-a retrieval from satellite data of ocean color usually break down in inland Case-II 
water quality inversion, or need major modification [13, 14]. Though bio-optical model claims to be more universal 
for water quality monitoring over various water body, however collection of SIOPs turns to be a challenge to the 
study community, empirical or semi-empirical model are still the most popular way for inland water quality 
information retrieval with remotely sensed data. In this study a more objective and optimal empirical model based 
upon spectral variables derived from in situ collected hyperspectral data were evaluated with GA (Genetic 
Algorithms)-PLS (Partial Least Square) hybrid model. 
2. Materials and Methods 
2.1. Study Site 
Shitoukoumen Reservoir is the major water sources for Changchun and Jiutai County, in the Jilin province of 
Northeast China, which provide more than 80% of the drinking water for the Changchun City with population of 
more than 3.5 million. The reservior locates between 125°43′48″~125°50′6″E, and 43°51′18″N~ 43°57′54″N, 
formed by the dam construction on the Yinma River. Two branches of Shuangyang River and Chalu River pour into 
the reservoir in the upstream. The sketch of location of Shitoukoumen Reservoir is shown in Figure 1. As an 
indispensable water source of Changchun and Jiutai county, Shitoukoumen Reservoir has an storage of 702 million 
m3, with its drainage area 4975.6km2 and surface area of 94.2km2 respectively [15]. It is situated in north temperate 
sub-humid continental monsoon climate zone, with the mean annual temperature 5.3 °C and precipitation range 
from 369.9 to 667.9mm. The main rainfall happens from June to September, which accounts for about 70% of the 
total annual precipitation. The average annual evaporation is 1208.1mm, and it might result in drought and serious 
water shortage at the maximum from April to June [16]. In recent years, serious soil erosion and water loss in the 
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upstream was brought forth by various human activities, such as deforestation and agricultural development, thus 
resulting in the deterioration of water quality in the reservoir. With the increased nutrient input, the water quality 
began to deteriorate in recent years; environmental agency and water supplying company all need the eutrophication 
status of the drinking water source urgently. 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Location of Shitoukoumen Reservoir and sampling sites over the water body 
2.2. Water Samples Collection 
A 20-point sampling route was set up in Shitoukoumen Reservoir in advance with Differential Global Positioning 
System Magellan Promark2 (DGPS-Promark2) (Fig.1). The sampling sites were decided by visually assessing the 
water color differences with Landsat image data acquired July 2004. Eleven times of field works conducted from 
April 2006 to September 2008, all together, 220 samples were collected. There were two time of field works 
concurrent with IRS-P6 satellite overpass, and totally 40 samples were collected on 15th July 2007, September 12 
2008 during the satellite overpass, respectively. The weather was cloud free with wind speed less than 5m/s. The 
sampling locations were recorded DGPS-Pomark2. Reflectance spectra were measured with a Field Spec FR 
spectroradiometer (Analytical Spectral Devices, Inc., USA). It has a field view of 15º, a wavelength range of 350–
2500nm with resampling interval of 1nm. Radiance were measured for both the water surface (Lsw) and a standard 
white reference panel (Lp) approximately 1m above water surface. In order to effectively avoid the interference of 
the boat and the influence of direct solar radiance, the instrument was positioned at an azimuth angle of 135º and a 
zenith angle of 40º, which was a reasonable compromise among conflicting requirements (Mobley, 2004). Then the 
spectroradiometer was rotated upwards by 90–120º to measure the skylight radiance (Lsky). For each sample, 
transparency (Secchi Disk Depth, SDD) of water was measured with a Secchi disk at the shade side of the boat. 
Immediately after measuring spectra, surface water samples were collected with a polyethylene bottle for further 
laboratory analysis of water parameters. Water samples for pigment analysis were collected from surface water with 
1 L amber HDPE bottles and stored on ice prior to filtration.  Samples for other water constituents were collected in 
1 L white HDPE bottles and stored at 4°C prior to filtration. 
 
2.3. Lab Analysis 
Steps for pigment analysis were completed under subdued light conditions. Water samples were filtered in 
duplicate within 24 hours of the sample collection for later extraction of pigments. Samples for the extraction of 
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chlorophyll a were prepared on 0.47 µm acetate filters. The samples were stored at -20°C for no longer than 6 
months before analysis. Chlorophyll a was extracted following the extraction method described in Environmental 
Protection Agency (EPA) 445 [17]. The concentration of Chl-a was corrected for pheophytin and measured 
fluorometrically using a TD-700 Fluorometer (Turner Designs, Inc) fitted with a Daylight White Lamp and 
Chlorophyll Optical Kit (340-500 nm excitation filter and emission filter > 665 nm).  For chlorophyll a analysis the 
fluorometer was calibrated using Chl-a from a spinach standard (Sigma-Aldrich 10865). Total suspended matter 
(TSM) was determined gravimetrically from samples collected on the pre-combusted and pre-weighted GF/F filters 
after rinsing with distilled water. Transparency of the water body is determined by reading Sechi Disk Depth (SDD) 
operated by specific technician to avoid subjective errors. 
 
2.4. GA-PLS 
2.4.1.  Spectral bands pre-selection 
There are hundreds or thousands of bands for in situ measured spectral data. However, only bands are sensitive to 
components variations are of interested. Band ratio is the approach usually taken for empirical model building since 
it can enhance the difference of some absorption trough and reflectance peak resulting in higher correlation 
coefficients. Spectral derivative analysis can be used to remove the base line so that influence of some background 
can be decreased [18]. So, correlation coefficients between components concentration and original spectra bands, 
band ratios, spectra first derivative are calculated. Based on correlation coefficients derivation, spectra bands which 
are highly related to components abundances of ground objects are picked out, while redundant data can be removed 
in the process. After sensitive bands pre-selection, there still remain several tens or over hundred spectral bands 
which are highly correlated with components concentration. How to further explore these band variables to improve 
empirical model prediction accuracy is need to be evaluated. In this study, Genetic algorithm (GA) is used to pick 
out such needed spectral bands variables for model construction. 
 
2.4.2.  Genetic Algorithm (GA) 
GA is well suitable for generating a subset of spectral variables and removing these which are insensitive to 
interested parameters [19]. In a simplified genetic algorithm, there are at least five components: encoding, 
population initialization, individual selection, crossover, mutation. Input spectra will be encoded with binary data: 
zeros and ones as chromosomes. GA needs a number of possible candidate solutions to start with, such as at first 
step, all bands will be selected. Fitness of every chromosome will be evaluated using a predefined fitness function. 
Then the fitness will be judged whether satisfies constraints. If satisfying, it output selected results; if not, 
chromosomes with better fitness will be selected to ‘survive’. Then, from crossover and mutation, offspring will be 
generated (similar as combination of bands). Fitness of every chromosome will be evaluated again. Do like this until 
fitness satisfies constraints predefined. A subset of bands sensitive to mineral compositions will be obtained. 
 
2.4.3.  Partial Least Square models (PLS) 
Eigenvectors of the independent variables are used in PLS models so that the corresponding scores not only 
explain the variance of independent variables but also have high correlation with response variables, which is the 
advantage of PLS over principal components analysis (PCA), principal components regression (PCR) and other 
linear regression methods [20]. A simple PLS model consists of two outer relations and one inner relation. The two 
outer relations result from eigenstructure decompositions of both the matrix containing independent variables (i. e., 
spectral bands or its derived variables) and the matrix containing response variables (i. e., water quality parameters), 
while the inner relation links the resultant score matrices from the two eigenstructure decompositions generating the 
outer relations [21]. Let both X [n × m] represent a explanatory matrix, the first outer relation is derived by applying 
principal component analysis (PCA) to X, resulting in the score matrix T [n × a] and the loading matrix P' [a×m] 
plus an error matrix E [n × m], i.e. X = TP’ + E. ‘a’ is the number of latent variables (LVs) used to explain 
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independent variables. Similarly, the second outer relation for Y [n × p] accounting for a response variable matrix 
can be derived by decomposing Y into the score matrix U [n × a] and the loading matrix Q’ [a × p] and the error 
term F [n × p], i.e. Y = UQ’ + F. The prime represents matrix transpose. The inner relation U = BT is a multiple 
linear regression between the score matrices U and T in which B is an n × n regression coefficient matrix determined 
via least square minimization. The goal of the PLS model is to minimize the norm of F while maximizing the 
covariance between X and Y by the inner relation. When spectra are reflected from objects, there exists non-linear 
relationship between spectral reflectance and objects’ components. 
 
2.4.4. Studentized Residual 
As GA and PLS are jointly applied in this study, theoretically this modeling is a linear process. So residuals of 
prediction should satisfy Gaussian distribution [20]. Though the data collection and lab analysis is strictly follow the 
standard operation procedures, still there are some data may have errors caused by some unexpected process. 
Studentized residual is used as the criteria to exclude outliers. When sample number is less than 100, criteria is set to 
3, and when sample number is larger than 100, it is set to 3.5 in this study. 
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equation 
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where n represent samples number and p is number of variables to be considered, and me is mean square errors of 
residuals e, and e is determined by the predicted chl-a and measured chl-a of various samples. In the equation (2), 
the h value is determined by the following equations: 
iiHh           (3) 
Where Hii is a diagonal matrix, which is composed by the elements from matrix H from Eq.(7), X is the 
independent spectral variables matrix. 
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The outliers were picked up only in the model calibration process, and there will be no outlier picking up procedure 
for the model validation. 
 
3. Results and Discussions 
The Chl-a concentration of each sampling date, seasonal and whole study stages were summarized in Table 1. 
Generally, the data set of Shitoukoumen Reservoir encompassed relatively low phytoplankton growing and 
exhibited a mesotrophic and eutrophic station with comparatively high content of total nitrogen with mean value of 
1.49 ma/L and total phosphorus with mean value of 0.088 mg/L. The total suspended matter is relatively high with 
minimum, maximum and average value of 3.67 mg/L, 472.19 mg/L, and 58.78 mg/L, respectively. The transparency 
(Secchi Disk Depth) is 0.05m, 1.20 m, and 0.38 m, respectively for minimum, maximum and average value which 
indicated higher suspended matter in the study region affecting the upwelling optical signals. 
3.1. Correlation analysis 
A correlogram was constructed by linear regression of the reflectance (Fig.2a), its derivative (Fig.2b) at each of 
the 500 individual narrow bands against Chl-a concentration. The correlograms for original spectral reflectance 
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(Fig.2a) showed broad regions of relatively higher negative correlation coefficients in the blue to red spectrum 
region and comparative low coefficient in the near infrared region. While, the derivative reflectance obtains a 
relative high determination coefficient in blue and red edge regions, especially in the red edge region, however the 
correlation coefficient is relative low in spectrum region with wavelength greater than 740 nm. In the whole, the 
highest determination coefficient value was produced in red spectral region, with a correlation coefficient of 0.71. 
 
Table 1 Chl-a concentration characteristics in the Shitoukoumen Reservoir over the study periods 
Date Samples Min(µg/L) Max(µg/L) Average(µg/L) St.dev(µg/L) 
2006 
Apr-27 16 10.37 23.26 16.35 3.96 
Jun-28 19 1.98 23.22 9.22 5.72 
Aug-17 20 1.58 15.72 6.39 3.39 
Sep-12 20 0.45 8.66 2.28 1.98 
Oct-13 18 0.84 15.17 4.31 3.48 
Subtotal 93 0.45 23.26 7.39 6.06 
2007 
May-21 19 13.79 30.93 21.48 4.98 
Jun-22 19 2.71 15.61 8.06 3.63 
Jul-19 19 4.19 14.95 9.50 3.17 
Aug-28 20 4.58 46.23 14.97 10.07 
Oct-12 17 8.82 19.35 14.03 3.10 
Subtotal 94 2.71 46.23 13.61 7.37 
2008 
Jun-13 18 12.90 36.38 24.26 6.83 
Sep-23 20 15.75 47.52 35.23 8.16 
Subtotal 38 12.90 47.52 30.03 9.30 
Total 225 0.45 47.52 13.82 10.66 
 
 
 
Fig.2 (a) The correlation of Chl-a with spectral reflectance at each band from 400 to 900 nm; (b)derivative at each band from 400 to 900 nm 
The higher correlation bands from both reflectance spectra and derivative with Chl-a were picked up for 
regression modeling. The results were show in figure3, the left one was fitted with exponential function with 
reflectance at 497 nm as independent variable, and however, the R-square is relative low. The fitting function was 
linear with derivative reflectance, and the R-square improves a little (R-square = 0.5), but still not significant 
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enough for practical purpose. There are several factors that may affect the accuracy of the empirical models can be 
explained in the following, 1) there are twelve field trips conducted in this work which start from April to October, 
covering the growing season of our study region, large variation can be caused by various phytoplankton species, 
combined with various concentration suspended maters, Colored Dissolved Organic Matter (CDOM), all these 
factors interacting together may affecting the absorption feature, as a result affecting the empirical model based on 
sensitive original spectral reflectance band or derivative bands; 2) there can be a large variation of the sun-target-
sensor geometry for all these data collected in various field trips.  
 
 
Figure.3 (a) regression analysis Chl-a concentration based on most sensitive spectral band; and (b) its derivative 
3.2. Band ratio analysis 
A number of “hot spot” (Fig.4a) with high correlation coefficients were revealed in a correlation analysis of the 
Chl-a concentration against all possible two-pair combinations of the reflectance at 500 near continuous bands. 
Analysis of the center wavelength and bandwidth in both directions revealed from regression shows considerable 
variation in the “hot spot” area and locations. The highly correlated spot located in the spectrum region of 650 nm-
710 nm, which mainly happens in the Chl-a absorption region with correlation coefficient value about 0.8. The most 
sensitive band ration combination was selected with programming, which was utilized to establish an empirical 
model as shown in Fig.4 (b). It can be seen that the selected band ratio (R693/R672) performs much better than the 
empirical model based on either reflectance spectra or derivative. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.4  (a) Correlation between all band combination and Chl-a with the optimal band ratio; (b) linear regression with the optimal band ratio  
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3.3. GA-PLS 
In this study, forty sensitive band ratios, 30 sensitive original spectral bands and derivatives, respectively were 
selected as input for GA-PLS model running. Fig.5a shows that the final spectral variables were picked finally by 
GA to run the model. It can be seen that band ratios and derivative were selected as candidates for the model 
calibration as shown in Fig.5a above the red line. There are 150 samples selected for GA-PLS model calibration, 
and studentized residual was utilized as a criteria for outlier picking up during this process, as shown in Fig.5b that 
only one outlier was selected in this process, and most part of samples data were well distributed between -1 and +1, 
which means that the laboratory analysis error for these samples follow the Gaussian distribution. It should also be 
noted that outliers were picking up only the model calibration process, not for the model validation process. 
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Fig.5 the potential spectral variables selected for GA-PLS modeling (a) and outlier picking up with studentized residual method (b). 
The final performance for the GA-PLS algorithm was shown in Fig.6, both calibration samples and validation 
samples were evenly distributed along 1:1 line. It can be seen that calibration samples more close to 1:1 line, while 
the validation samples a little bit scattering along 1:1 line. The R-square value in this study indicated measured and 
predicted chl-a concentration with validation samples only. So the GA-PLS approach performs better than the 
optimal band ratio model of R-square values of 0.78 based on calibration with all samples. Since our ground truth 
data is based on 12 field trips with 225 samples covering the most possible variation of phytoplankton, total 
suspended matter and CDOM as well, the GA-PLS approach is rather robust for chl-a inversion.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.6 the GA-PLS predicted and measured Chl-a concentration plotting against 1:1 line. 
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4. Conclusion 
In developing local water color remote sensing algorithms, it is needed to understand water optical conditions for 
accurate Chl-a estimation. In this paper, 12 field trips were conducted from 2006 to 2008. We analyzed the 
reflectance spectral characteristics and optical conditions of Shitoukoumen Reservoir in Northeast China. Various 
approaches were tested to find the accurate empirical model for Chl-a estimation. It was found that Hyperpsectral 
remote sensing is a valuable tool for inland drinking water quality assessment; Derivative spectra analysis is an 
useful approach for hyperspectral data analysis for its effectiveness in reduction of background noises and viewing 
geometry induced uncertainty GA-PLS can effectively selects the most sensitive spectral variables and partly solve 
the nonlinear problem. For our study based on large samples, GA-PLS can effectively select the most sensitive 
spectral variables for model establishment, and the model validation result also indicated that this approach can be 
applied to other temporal data collected in the study region. Furthermore, this method can be applied to other study 
region with enough samples act as training and validation ground truth data. Still, it should be noted that this method 
only applied AOP data which may limit its broad application. With improved understanding of the Inherent Optical 
Properties (IOPs), there is still improving room for this method by combination of IOPs to make this method can be 
broadly applied to other regions or other water quality properties.  
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